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The complete market benchmark model on consumption risk sharing across countries predicts that a country's consumption equals a constant portion of current world output that depends on the country's initial share of the world wealth (Obstfeld and Rogo (1995) ) 2 . This implies that a country's consumption is independent of or orthogonal to GDP, apart from the global components of its consumption and GDP. Much of the empirical literature has used panel regressions of country specic consumption growth on output growth in testing this orthogonal implication (I call this type of regression conventional panel regression).
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What is puzzling is the indecisiveness of the ndings. It is not surprising that the test and estimate results found limited risk sharing considering many factors can limit the level of risk sharing in the real world (Mendoza (1991) and Backus, Kehoe and Kydland (1992) on market frictions and restrictions on market institutions; and Obstfeld and Rogo (1995) on moral hazard and sovereign risks).
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It is the indecisiveness that makes people even doubt if risk sharing indeed exists in practice. For example, Canova and Ravn (1996) concluded that the risk sharing is almost complete in the short cycle, but not in the medium and long cycles. This contradicts the claim of Artis and Homann (2006) that there is more risk sharing in the long-run than in the shortrun. Moreover, despite the theoretical prediction that globalization should reinforce risk sharing through easier access to more diversied contingency contracts, much of the literature nevertheless did not nd increases in risk sharing following the recent increase in global nancial integration (Bai and Zhang (2006) and Moser, Pointer and Scharler (2004) ). 6 Labhard and Sawichi (2006) , based on a factor analysis approach, even nd a slight decrease in risk sharing between UK regions and between UK and other OECD countries. For survey papers, please refer to Kose, Prasad and Terrones 2 Obstfeld and Rogo 1995 show that, assuming a framework of two countries, two periods, output uncertainty, complete market, CRRA utility function, the consumer utility maximization leads to perfectly pooled equilibrium (Lucas (1982) ) or mathematically C 2 (s) = µY W 2 (s).
3 The term of risk sharing is also called ex-ante risk sharing or state contingent insurance (they are interchangable in this paper), distinguishing with the ex-post risk sharing or intertemporal smoothing.
For a preview on the regression specication on selected papers, please refer to Appendix I.
4 Kollmann (1995) , using nonstationary time-series technique to test risk sharing, found rejection of the null hypothesis of full risk sharing in all country pairs. However, the method he used, besides the problem of potential low power and high size distortion in time series context, can only do a test of full risk sharing or not, but cannot test the degree of risk sharing.
5 Backus, Kehoe and Kydland (1992) has documented an important consumption correlation regularity , i.e., the cross country consumption correlation is no higher than cross country output correlation, contradicting with the benchmark model's prediction. Following Backus, Kehoe and Kydland (1992) , many researchers' explanations of the regularity hinge on the idea of relaxing the consumption utility function to allow, for example, non-addictive non-tradable goods (Backus and Smith (1993) and Tesar (1993) ), the nonseperability of goods and leisure (Devereux, Gregory and Smith (1992) ), and taste shocks (Stockman and Tesar (1995) ). The problem is that the models still predict strong consumption correlation, but the empirical tests nevertheless indicate low.
6 Artis and Homann (2006) and Artis and Homann (2007) , among a few papers, found risk sharing increased in the recent nancial integration period.
(2007) and Corcoran (2008) .
At a basic level, the conventional panel regression requires stationarity of the data in order to avoid spurious regression problem and nonstandard distributions on inference. Therefore, in testing risk sharing, researchers routinely rst-dierence data on consumption and GDP. As a result of dierencing, the estimates measure risk sharing on transitory shocks or risks at business cycle frequency. The welfare gain from risk sharing at business cycle frequency has been found small in the literature, for example, Gourinchas and Jeanne (2006) , Lucas (1987) and Cole and Obstfeld (1991) . The small welfare gain implies the motivation of risk sharing is low and may be dominated by many other motivations. It is therefore not surprising that only low risk sharing or no increase of risk sharing has been found in the literature.
If the level of output contains information, beyond the information carried through changes in output, that is useful for the decision-making on consumption risk sharing, we should include the level of output into our investigation. Specically, if output is I(0), i.e. it is mean-reversing, the level of output does not give much additional information beyond the dierenced output. If output is I(1), dierencing would remove the permanent component of output that drives the nonstationarity.
As discussed below, the welfare gain of risk sharing on the permanent shocks should be much higher than that on the transitory shocks. We therefore think it is important and interesting to test risk sharing on permanent shocks. In this case, the estimated consumption risk sharing, identied by the cointegrating coecient in a nonstationary panel regression model, is the long-run risk sharing.
Because our methodology focuses on identifying the long-run cointegrating relationship, we can allow for full heterogeneities on the short-run dynamics. This implies that we can obtain a consistent estimate of long-run risk sharing while disregarding any short-run nuisance factors. However, in the conventional panel regression model, without further structure assumption on the model, the dynamics is restricted to be homogeneous.
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As a result, they omit important factors such as the heterogeneity in short-run dynamics that are caused by intertemporal smoothing, taste shocks, or market frictions. The recent paper by Artis and Homann (2008) oers a similar insight.
They argued that the risk sharing has, in fact, increased following the recent nancial integration, but both the conventional panel regression and consumption correlation failed to detect this increase due to the change of the output dynamics in the same period. Athanasoulis and van Wincoop (2001) , and a more recent and close cousin of it, Flood, Marion and Matsumoto (2008) are among the recent developments in the literature that have brought us closer to understanding long-run risk sharing. Athanasoulis and van Wincoop (2001) argued the eect of temporary income shocks on consumption can be buered through borrowing and lending, but over longer horizons one can 7 This is essentially because that conventional panel analysis is an extension of cross-sectional analysis where it pools the cross-sectional dimension or averages on the cross-sectional dimension to achieve an estimate. In another word, it relies on the cross-sectional asymptotics for inference. Therefore it cannot allow for country-specic slope coecients and dynamics.
expect consumption growth to closely follow the growth rate of income after risk sharing. They therefore use the techniques developed in Athanasoulis and van Wincoop (2000) to test income risk sharing at dierent frequencies between U.S. states. However, the long-run measure of the paper is reliable if the state income data is free of intertemporal consideration. Artis and Homann (2006) is the closest paper in the literature to this paper. They, as this paper does below, use consumption and GDP levels (instead of growth rates) on testing and estimating risk sharing, which they hope can, in some way, get rid of the eects of short-run confounding factors. However, their regression is essentially under conventional panel framework, without taking the nonstationary properties and full heterogeneity in the short-term dynamics into account. More importantly, they use the OLS or pooled version dynamic OLS which does not give an estimate of cointegrating relationship if the slope coecient is heterogenous.
Our results indicate that, for the period of 1950 to 2008, the level of long-run risk sharing in the OECD countries is similar to that in the emerging market countries.
However, during the nancial integration episode of the past two decades, long-run risk sharing in OECD countries has increased much more than that in emerging market countries. Furthermore, we investigate the relationship between various measures of nancial integration and cross-country risk sharing, but only nd weak evidences on such linkages.
The paper is structured as follows. In section 2, we discuss implication of nancial integration on risk sharing and how long-run risk sharing can be estimated in nonstationary panel. Section 3 will illustrate the model specication pertinent to the issues in testing and estimating risk sharing. We will discuss our data and sample selection in section 4. Section 5 will present our cointegration estimating and testing results; we examine the distribution patterns of the risk sharing and link it to some nancial integration indicators in section 6. Finally, section 7 will conclude this paper and discuss possible future directions.
Theoretical Motivations
In order to estimate long-run risk sharing, we need to understand how risk sharing
happens when countries open up and nancially integrate with each other. In fact, nancial integration inuences a country's consumption, given a certain output dynamics, through two functions: state contingent insurance and intertemporal smoothing. In a nancially integrated world, countries facing uncertain output streams use the Arrow-Debreu securities or Shiller portfolios to share the idiosyncratic output risks away (Arrow (1964) , Debreu (1959) and recently Shiller (1993) ). In practice, such securities or portfolios do not exist, so we use the cross-country holding of assets and liabilities as proxies. If the insurance is not complete, the intertemporal smoothing that involves intertemporal reallocation of consumption through borrowing and lending in a risk free bond market comes into play. If the insurance market is complete, this risk free market is redundant (Constantinides and Due (1996) ) 8 .
A point that we need to keep in mind is that intertemporal smoothing may be preferable in the case that a shock can also be insured because, considering the sovereign risks and moral hazards, the cost of insurance contracts is higher than the riskless bond contracts (Obstfeld and Rogo (1995) Chapter 6). We are not considering the sovereign risk and moral hazard explicitly. However, those types of endogenous imperfection of the international capital market can further limit the extent of risk sharing (Becker and Homann (2006) ). 9 I will discuss this further when explaining the empirical results.
These two functions are mechanically dierent and bear dierent welfare implications. Beveridge and Nelson (1981) has illustrated that any time series which exhibits the kind of homogeneous non-stationarity can be decomposed into two additive components, a weakly dependent stationary series and a pure random walk. Intuitively, if we investigate the uctuation of the GDP series, the primary source of uctuation is the growth that is driven by shocks that has persistent or permanent eects, and the transitory uctuations that surround the trend growth are second-order. Specically, the transitory shocks only lead the GDP deviating from its current value temporarily and reversing to its current value in the long run. However, the GDP subject to permanent shocks is not mean-reversing and thus perform as a unit root process. We therefore say the transitory uctuations, which are stationary, are second-order comparing to the rst-order nonstationary movement caused by the permanent shocks. Baxter and Crucini (1995) concludes if output shock has persistent eects, it can only be shared through insurance market, and the risk free bond market can only share the transitory shocks. 10 Therefore, in the context of risk sharing, the deterministic force on a country's consumption trend is state contingent insurance. Given the persistent shock can only be shared in insurance market has been said, then, for the permanent component of output, which has an innite variance over time, the uncertainty facing individuals is very large and thus the state contingent insurance, comparing to the intertemporal smoothing, bears a much larger welfare gain (van Wincoop (1999); Obstfeld (1994) ). We can think of this welfare gain using the following example. Let us imagine the extreme case of complete market with full state contingent insurance. We would expect consumption growth rate in US is the same as in Zimbabwe. Clearly, in terms of a country's long-term development, insurance is more important and constitutes most of the welfare gain. It is for this reason that I think a separate investigation 8 Another risk sharing institution is government transfer. However, since it is relatively small at the country level (Asdrubali, Sorensen and Yosha (1996) ), and also because this paper focus on the nancial integration, we do not have it explicitly in the paper. However, we should keep in mind that the estimated risk sharing has a small portion of the government transfer eect.
9 We call the sovereign risk and moral hazard endogenous incompleteness in order to distinguish them with the other market incompleteness, such as the uninsurable nontradable goods market, the riskless bond along market which can be treated as exogenously given.
10 That is, if shocks to GDP are transitory, intertemporal smoothing through borrowing and lending in the risk free bond market can act as a close substitute for risk sharing. However, if shocks to GDP are persistent, the ex-post risk sharing, which smooth consumption through intertemporally allocating resources, will not be eective due to the persistent nature of the shocks.
of long-run risk sharing is warranted.
Although we are not focusing on risk sharing at business cycle frequency or on the transitory shocks, it is fully addressed in the serial correlation properties of the nonstationary panel analysis. This is because long-run risk sharing involves I(1) movement of consumption and output while risk sharing on transitory shocks only involves I(0) stationary movements which is an order of magnitude less and therefore can be corrected by using internal instruments.
Specically, similar as in the literature, we use the relationship between idiosyncratic GDP per capita and idiosyncratic consumption per capita as a measure of long-run risk sharing eect of nancial integration. The dierence is that we explore the nonstationarity of this relationship. Suppose c it − c * t , t = 1, ..., T has a unit root for each member i = 1, ..., N , and so does for y it −y * i (c it −c * t and y it −y * i index idiosyncratic consumption per capita and idiosyncratic GDP per capita respectively), then c it − c * t and y it − y * t
The slope coecient β i is the steady state cointegrating coecient which indicates a long-run relationship between two I(1) series that will be maintained forever unless some external shock breaks it. We interpret the estimated β i as our measure of long-run risk sharing. Since risk sharing on the transitory shocks only involves with short-run uctuations towards its steady state equilibrium, it is contained into the error term in such a cointegrated system ).
In brief, the long-run risk sharing is dened in contrast to the risk sharing on risks at business cycle frequency that dominates the literature, where the series is rstly dierenced to render stationarity.
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The nonstationary panel approach allows us to isolate the long-run steady state relationship from short-run dynamics through wiping out the confounding eect of intertemporal smoothing and other nuisance features.
Another advantage of nonstationary panel analysis is that, the group mean Fully Modied OLS (FMOLS) and the group mean Dynamic OLS (DOLS) estimation can address an important issue in the empirical work on risk sharing, the cross country variation in the steady state of risk sharing. The intuition on this is straightforward.
At the practical level, dierent countries will reasonably choose the level of cross-country holding of assets and liabilities to the extent that the costs equal benets. Given that the costs and benets may dier across countries and across dierent contingencies, the level of risk sharing should be dierent. While the group-mean nonstationary specication allows heterogeneous slope coecients, the slope coecient is forced to be common across countries in the conventional panel specication.
12 As a byproduct of 11 Depending on the assumption of the data, some literature using detrending method to render stationarity. For example, Stockman and Tesar (1995) detrend output and consumption data through HP lter and underlying assumption is the data are trend stationary. A rather unsatisfactory implication to model economy using this approach is that the long-run evolution of the time series is deterministic and therefore perfectly predictable. There is no macroeconomic theory indicate growth has a deterministic trend for a certain country. Intuitively, if each country has dierent deterministic trends, then the country has the highest trend should already dominate the world by now. For this reason, we consider stochastic trend. 8 allowing the heterogeneity in risk sharing, we can study the cross-country risk sharing distributions and link this distribution patterns to static nancial integration indicators.
Another reason for doing this long-run analysis is because, nevertheless the shortrun analysis in the literature nd no or limited increase in risk sharing during the recent nancial integration period, Lane and Milesi-Ferretti (2003) , using carefully collated data, has shown dramatic increase in international capital ows accompanying the nancial integration. This leaves the puzzle whether the increased nancial integration, as indicated by the increase in capital ows, can, in practice, induce the higher risk sharing (Sorensen, Wu, Yosha and Zhu (2007) ). Artis and Homann (2008) found that consumption risk sharing has increased during the nancial integration period, but the short-run analysis failed to detect it due to the concurrent decline of output volatility in the short-run. We therefore, by splitting the data sample into pre-and after 1990 period, test the changes in risk sharing associated with nancial integration using the nonstationary panel techniques.
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A branch of the short-run analysis takes advantage of the gross national income (GNI) data available from country national accounts to estimate state-contingent insurance and intertemporal smoothing separately through an output variance decomposition approach initiated by Asdrubali, Sorensen and Yosha (1996) . Using GNI, instead of consumption series, to estimate state-contingent insurance seems get rid of the contamination of intertemporal smoothing in the most direct way. In fact, although the contamination is not directly from consumption smoothing in this case, the same arguments apply. The intertemporal consideration can endogenously inuence the real level of net factor income recorded in national account, making it dierent as the potential level of net factor income (Lane (2001) ). Therefore, the net factor income can be simultaneous with the output dynamics and thus bias the estimated insurance in the similar way as the estimate on overall risk sharing we argued in the paragraphs above. In addition, it is well known that the factor income from the BOP account is not accounted accurately. This can induce serious measurement problem in conventional panel regression. Furthermore, the capital gains and losses on investment are not captured in GNI, but it will provide some kind of risk sharing. For countries holding large portfolios in equity and FDI, this is especially important since, typically, most of the returns are in the form of capital gains or losses.
In addition, the nonstationary panel analysis allows some other features that turn out to be particular convenient in testing and estimating the long-run risk sharing. For example, at the macro level, everything is depending on everything else, thus it is fair to think that GDP and consumption are interdependent. Just as in the time series nonstationary analysis, we do not need to worry about the simultaneity or endogeneity problem in nonstationary panel analysis simply due to the fact that we are exploring a reliable estimate on country specic slope coecient with enough explanatory power except for the case of Hsiao and Pesaran (2004) where some structures are imposed on their random coecient model.
cointegrating relationship that is an order of magnitude greater than the simultaneous and endogenous problem that plague in the conventional panel analysis. For a similar reason, it is also robust to many forms of omitted variables. In the meanwhile, in contrast to the time series analysis that is well-known to be data-demanding with low power and high size distortion in nite sample, the nonstationary panel is able to use relatively short time series to infer the long run while maintaining reliable power and size properties. 
Conventional Panel
In the literature, many researchers used the following equation, or variants of the following equation to measure risk sharing (see Mace (1991) , Cochrane (1991 ), Townsend (1994 , Canova and Ravn (1996) , Lewis (1996) ; for survey papers, refer to Corcoran (2008) and Kose, Prasad and Terrones (2007) ):
where ∆c it is the consumption change of country i from period t-1 to t, ∆c * t is the change in world average consumption from period t-1 to t; ∆y it and ∆y * t are dened in the same way on outputs and therefore, the relative changes of output in country i captures its idiosyncratic output risks. ε it is assumed to be uncorrelated with the regressors, and is typically assumed to be i.i.d.(0, σ 2 ) white noise 14 . β is restricted to be the same across countries and is interpreted as a consumption-based measure of the risk sharing eect of nancial integration. If all the maintained assumptions hold, we can get consistent estimate of β from equation (1). However, we argue that, empirically, the estimate of β in this model specication is biased for several reasons. For details on how equation (1) is derived and its technical limitations, please refer to Appendix II.
As you can see in the Appendix II, β is the product of λ and α that serve to measure risk sharings through insurance market and risk free bond market respectively.
For example, suppose λ = 0.9 and α = 0.8, then β = 0.72, meaning 72% of risks are not shared. In another word, this implies 10% of risks (1 − λ) are shared through insurance, and 18% of risks (λ × (1 − α)) are shared through intertemporal smoothing. The λ and α can be estimated jointly from equation (1) or separately by using Asdrubali, Sorensen and Yosha (1996) output variance decomposition approach.
14 As illustrated in the Appendix II, the error term is actually a martingale dierence process. Strictly speaking, martingale dierernce process and white noise process are not the same (see Rachev et. al (2006) ). ε it is assumed i.i.dW N (0, σ 2 ) simply because equation (1) is typically estimated by OLS which requires it as a maintained assumption. Certainly, ε it can be relaxed to allow for heteroskydascity and even homogeneous serial correlations, but these would not change the point that we make.
One of the maintained assumption of equation (1) is ε it is an i.i.d. white noise process because permanent income and aggregated income are assumed to be martingale. The martingale process basically assumes the risk free bond market is ecient. Leroy and
Samuelson are among the earliest to notify that martingale process mathematically captures the economic notion of ecient market. It is debatable if the bond market of the U.S. can be modeled as ecient, but we turns to believe a more general DGP in a cross-section of countries. For example, it is hard to believe that the markets are well developed in emerging market and can be modeled in the same way as in the market of U.S. In such cases, we have to take the heterogeneous transitional dynamics into account since simply taking rst dierence of the data will leave some untreated dynamics in the error term.
The conventional panel can deal with serial correlations since the assumption on ε it in equation (1) can be relaxed to allow for dynamics. If ε it is assumed to be serial correlated, it is by construction treating dynamics. However, it is well known that conventional panel approach typically can only deal with homogeneous dynamics (Arellano and Bond (1991)). 15 . A homogeneous dynamics implies that the impulse responses to disturbances are the same across countries in terms of size, shape and covergence speed. Or, in the case of risk sharing, it assumes the returns of consumption to its long-run equilibrium are the same across countries. This is simply not realistic. If the latent true dynamic is heterogeneous but is forced to be homogeneous, we will run into trouble in estimating the β in equation (1) (Smith and Peseran 1995) . This problem cannot be easily solved in the conventional panel setting because it basically estimate a high frequency relationship that is at the same order of magnitudes as the transitional dynamics.
Apart from the problems of untreated dynamics and potential misspecication, equation (1) cannot be consistently estimated by OLS/FE (which are the estimates used in the literature) since ε it is dierenced martingale and therefore it is correlated with (∆y it − ∆y * t ). IV can deal with the inconsistency caused through this channel, but we all know that it is hard, if not impossible, to nd valid IV in the macroeconomic context. Besides, the IV is not testable.
Some literature treats the dierencing data at lower frequency in equation (1) as capturing long-run eect of risk sharing Canova and Ravn (1996) . Again, this is only valid under the very strong assumption on the dynamics which is that ε it is i.i.d. white noise after dierencing in the equation (1). But for the reason argued above, we tend to believe that we should specify a model that takes as many lags as needed to make sure ε it is white noise, and we believe that this can only be accomplished by using the nonstationary panel that we are turning to shortly.
β can also be biased due to omitted variables. Demand side shocks, for example, the taste shocks, do not get modeled in the above equation, but they inuence con-sumption given a particular output process, and therefore move the estimated β from its hypothetical values. This omitted variable problem can be xed if we can nd reliable measures on it and include them into the equation (1) as separate regressors.
However, the taste shocks are remaining as a black box in the literature and therefore very dicult to nd quantiable measures on it.
In general, to summarize the discussion above, under the framework of conventional panel analysis, we have to make restrictive assumptions on how the data are being generated. The problem is, on the one hand, the lack of the unied theoretical model that can completely describe the DGP, 16 and on the other hand, the unmeasurability or unavailability of data, for example, the quantiable measure on demand shocks, hindered the applicability of such empirical specications. However, it turns out not the case in using nonstationary panel. In particular, we can be blind on many aspects of the serial correlation properties of the data generating process and still be able to achieve consistent estimates.
Nonstationary panel
In this paper, we use the following equation to test ex-ante risk sharing.
where the consumption and output variables are dened the same as those in the rst equation. But instead of working on growth, we deal with levels directly (Please refer to Appendix II for detailed steps on deriving equation(2). Noticing that ify it − y * t ∼ I(1) , and u it ∼ I(0) following some weakly dependent I(0) process, then c it − c * t ∼ I (1) by construction.
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The subscript i on Ψ i (L) means the dynamics are allowed to be heterogenous across countries, and ε it is i.i.d. white noise true disturbance term. Despite simplicity in form, this equation has surprising nice features that can take care of the problems discussed above.
As discussed, intertemporal smoothing aims at smoothing out the risks at business cycle frequency that are caused by temporary output shocks. It, therefore, only creates second order bias that can be easily xed in a cointegrating system. Specically, the impact of intertemporal smoothing is contained in the terms u it . Since u it is a weakly dependent stationary process, the impacts of the dynamics contained in it is an order of magnitude less than the cointegrating relationship β i that we are estimating in equation (2). We therefore can employ the FMOLS or DOLS method to make adjustment to 16 Backus, Kehoe and Kydland (1992) had predicted that ve years from now the models that have been developed will dier from this starting point in fundamental ways , unfortunately, the development is not fundamental enough until now 17 Consumption and output are I(1) processes are necessary conditions to explore the cointegration relationship between them. We will test these in the empirical part.
achieve consistent and unbiased estimate on β i by using internal instruments that you will as below.
The nonstationary panel analysis essentially applies nonstationary time series properties into panel. Time series analysis is all about how to take care of dynamics that are unknown when you have enough data on T dimension. Although we do not know the form of Ψ i (L), but the estimation procedure (step-down procedure in ADF specication or kernel in nonparametric specication) will give the best estimates on them. This allows us treat eectively many issues that require strong assumptions in the conventional panel as nuisance features in the nonstationary setting.
For example, the reasoning above applies to demand shocks. The demand shocks are not explicitly specied in equation (2), but they are washed out without biasing the estimation on β since demand shocks are widely regarded as temporary shocks which is captured by the serial correlation of ε it .
A broad class of short-term dynamics of consumption can be accommodated in equation (2). For example, Cavaliere, Fanelli and Gardini (2008) has shown market frictions, which prevent consumption adjust to its optimal instantaneously but instead gradually, can lead to lower consumption correlation than that standard models predict.
They proceed to attribute the lack of risk sharing documented in previous research to the misspecication of short-term dynamics, including the speed of converging. In equation (2), the univariants c i,t − c * t and y i,t − y * t both have complicated dynamics and these can lead to more complicated dynamics in u it , but it is OK since the estimation procedure will provide the best guess on it.
An important advantage of nonstationary panel specication is the equation (2) above allows for heterogeneous slope coecient, β i , which serves to capture the cross country variations in risk sharing, while in conventional panel approach that involves stationary variables, the slope coecient, by construction, are forced to be homogeneous, leaving all the heterogeneities into the xed eect. As we discussed before, the cost and benet make it hard to believe that the risk sharing in the U.S. and Zimbabwe are in terms of nature, magnitude and even directions, which implies that a heterogeneous β i is required. The reason that β i is allowed to be heterogeneous is because of the way of pooling data in our cointegration test and estimate. There are two ways of pooling the data on cross-sectional dimension and time series dimension based on the commonality explored across sections. One way assume the commonality across sections comes from a common β and produce within estimator on the cointegration relationship. Another way assume β i is drawn from a common distribution and produce the group mean estimator of cointegration relationship. Pedroni (2000) andPedroni (2001) emphasize the advantages of using group-mean estimators. Also as a by-product of the group-mean estimator, we can compare the properties of the distribution of individual estimate to group mean values.
It is well-known that we face the data limitation when we apply time series analysis on macroeconomic tests. However, it is not the case for nonstationary panel. One of the nice features of nonstationary panel is that it uses the data on cross-sectional dimension to compensate the relatively short data on temporal dimension in order to achieve reliable estimating and testing results (Pedroni (1997) ).
So far, we explain the terms of c * t and y * t in equation (2) as global component of consumption and output. From the theoretical point of view, the risks that is global in nature cannot be shared and thus the subtraction of c * t and y * t serves to leave only the idiosyncratic component in check. In the meanwhile, from the empirical point of view, this subtraction can be interpreted as accounting for certain forms of cross-sectional dependency that may present in the nonstationary panel. From a pure econometric point of view, the nonstationary panel approach uses the data on cross-sectional dimension to compensate the relatively short data on temporal dimension in order to achieve reliable estimating and testing results. Therefore, we hope the time series data is independent across sections and thus the information in individual cross section can add onto each other. If the data are cross section dependent, that means some information are redundant that reduces the power and introduces size distortion. The eectiveness of c * t and y * t in eliminating cross-sectional dependency depends on the form of the dependency, but it turns out that this simple form perform reasonable well in many cases, for example, in the case that the data are in part driven by common global business cycles or by a common stochastic trend.
Up to this point, our discussion takes incomplete market as given, but did not explain why the market is incomplete. Explaining why the market is not complete is not the purpose of this paper and please refer to Obstfeld and Rogo (1995) Chapter 6 for the theoretical reasons on endogenous market incompleteness, such as sovereign risk and moral hazard if you are interested. Our estimated slope coecient in 2 reects those endogenous incompleteness. In the meanwhile, I want to point out that it also reect the impact of exogenous incompleteness, for example, the non-insurability of the nontradable goods and labor incomes. But a ne point is that based on the assumptions on the additivity of the period utility function, we need to be cautious on the interpretation. Taken the nontradable goods as an example. If additivity holds, then we can derive a neat equalized marginal rate of substitutions between countries on the tradable goods and therefore we can interpret our estimate on the slope coecient of 2 as proportional to the case of tradable goods since the nontradable goods are included into the regression. However, if the additivity does not hold, the introducing of the intratemporal elasticity of substitution and its interaction with the intertemporal elasticity of substitution ruled out a neat relationship between countries on the tradable goods and therefore, the interpretation can be viewed as a proxy at best. 18 In the end, we can view our risk sharing estimate as a de facto measure of risk sharing. and therefore is convenient for our purpose since it has converted the expenditure entries into international dollars so that real quantity cross-country comparisons can be made (for details, please refer to Heston, Summers and Aten (2006)). However, the PWT only has GDP and consumption data up to 2004, in order to achieve the longest possible temporal dimension information, which is, in practice, important for the nonstationary analysis, we therefore extended the data to 2008 by using the national accounts data from WEO.
PWT and WEO covers 188 countries and 176 countries respectively which are literally almost the whole world. However, before rushing to experiment with all the covered countries, we must pay sucient regard to empirical limitations to this particular sample. Although the PWT data start from 1950, for many developing countries, especially the least developed countries, the data start only after 1970s and the data quality grades signal the reliability of the estimates is of concern. In the meanwhile, conceptually, the restrictions on capital ows, the high risks associated with those countries, along with the substantial international transfer ows which provides some kinds of de-couple of consumption and GDP through non-nancial market mechanism, make it highly debatable if any meaningful risk sharing exists and therefore can be detected on those countries. 
Sample Selection
We have made the decision on the data sample that we are going to explore, but before applying the empirical tests on it, I think it is worth to explain the strategies that I used to apply the nonstationary techniques in order to achieve the robust and informative results. Basically, any empirical tests are guided by the theoretical models.
Unfortunately, we are facing the real world data limitations. This may hinder our ability to apply a test on a certain theory if the data did not show the pattern predicted by the theory. Therefore, another empirical strategy is to investigate what the data tell us and sort out the useful data information in testing the theories. In the practice of this paper, we compromise between the information carried through data and the prediction made by theories, and use both strategies in our tests and hope we can cover basis by doing both.
The panel unit root tests on GDP per capita and consumption per capita, as shown in per capita of a country has to follow a unit root process within a certain time period.
For example, the technology changes or changes in investment rates may not have been signicant enough within the sample period to drive the country to move with unit root characteristics. To include those countries won't break the test based on the whole sample down. This is because although those countries with stationary GDP per capita process are not very informative about the risk sharing relationship that we are interested in, they are an order of magnitude less than the cointegration relationship and therefore irrelevant asymptotically. However, for a nite sample, we realize that it increases the noise-to-signal ratio of the long-run risk sharing analysis. We therefore take out those countries with stationary test results on GDP per capita or consumption per capita.
We then proceed to conduct the cointegration test on consumption and GDP per capita. The individual cointegration tests in table A2 show that they are not cointegrated for many countries. 20 Again, this could due to the low power for rejection the null hypothesis on the error terms or due to the high size distortion, but to guard us to be on the safe side, we take those countries out. This leaves our with 21 countries, a country sample which contains rich nonstationary information, even for individual countries, and therefore with signicantly reduced noise-to-signal ratio. The test results on the 21 country subsample are used as robust checks on the whole sample results.
5
Interpreting the Risk Sharing Relationship
FMOLS and DOLS
We estimate the slope coecient of the cointegrating relationship in equation (2) using the group mean FMOLS and group mean DOLS regressions and interpret it as measured de facto risk sharing. Depending on the way of pooling the information on time series and cross sectional dimensions of the panel, and depending on the parametric or nonparametric estimation approaches, the econometricians has developed several dierent versions of the estimators on the panel cointegrating coecient. For the details, please refer to Phillips and Moon (1997) , Mark and Sue (1999) and Kao (1997) for the pooled estimators, and Pedroni (2000) and Pedroni (2001) for the group mean estimators.
We pick the group mean estimators, instead of the pooled versions because the pooled versions have a maintained assumption which treats the slope coecient of the cointegrating relationship as common value. This maintained assumption not only restricts the applicability of the pooled estimators for our context of risk sharing, but also restricts the opportunities for us to comparing the cross-country distribution of the slope coecient. Furthermore, the group mean estimators perform better small sample size properties than the pooled estimators in the monte carlo simulations shown in Pedroni (2000) . In addition, Pedroni (2001) show that the group mean FMOLS and DOLS both tend to perform well in small sample in terms of size distortion, but since DOLS is a parametric-based test, it does better in terms of power when sample is very short which would be the case of this paper when we apply our test for the period post-1990. Therefore, we do both FMOLS and DOLS in order to cover bases.
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The FMOLS estimator was rst developed by Phillips and Hansen (1990) In the context of risk sharing, this correction means that the eects of intertemporal smoothing, taste shock and some other serial correlation due to transitional dynamics have been wiped out. Therefore, the estimated slope coecient in equation 2 represents the long-run steady state relationship between GDP and consumption which survives even with the present of transitional dynamics which temporarily drives away the economies from the steady state. 22 For the asymptotic properties of the group mean FMOLS estimator and the steps on how to construct group mean FMOLS in a context of applied econometrics, please refer to Appendix III. Here, we just lay out the group mean FMOLS estimator to see how it is dierent as the conventional panel estimator and how it allows us to study the distribution of the individual country estimates:
where, in order to keep the notation as simple as possible, we use y and x. x * it = x it − Ω 21i / Ω 22i x it , indicating the x it has been transformed by an adjusting term which serves as the internal instrument; and
acting as the long-run covariance matrix.
The point we want to make from equation (4) is that the β GF M estimator looks very similar as the OLS estimator of the conventional panel, except for two features.
The OLS achieve the estimate on slope coecient by minimizing the sum of the mean squared errors of x on y. The group mean FMOLS does the same, but on top of a 21 We only report risk sharing estimates using FMOLS since the estimates are similar using DOLS.
The DOLS estimates are available up on request.
22 We are not discussing the group mean DOLS estimator since the idea is the same. The dierence is the econometric technique to achieve the serial correlation and endogeneity biases. The DOLS uses the parametric adjustment, instead of the nonparametric adjustment used by FMOLS.
transformation of x and a long-run adjustment. If looking closer to this transformation and adjustment, we can nd this is a specic feature of the nonstationary panel because the transformation and adjustment only survive if the x and y are nonstationary. If, the x and y are I(0) as in the case of conventional data, they are in the same order of magnitude as the transformation and adjustment term which makes such transformation and adjustment infeasible. To summarize, provided x and y are I(1), we can take advantage of the nonstationary panel features to achieve the cointegrating relationship estimate which indicates the level of risk sharing in our context. However, the conventional panel analysis, including the dynamic panel analysis such as Arrellano and Bond GMM, as long as it deals with the I(0) process, is subject to rst order bias due to the serial correlations which is hard to correct.
The second feature is that the group mean FMOLS allows us to study the crosscountry risk sharing distribution. We mentioned that we can interpret the group mean FMOLS as the cross-country average of the individual country FMOLS estimator.
From equation 4, we can clear see that
), where β 
Conventional Panel Regression Results
We rst check the estimates on risk sharing using conventional panel regression techniques, both in dierence and in level. The results are reported in Table 2 and Table   3 respectively. Column 1 of each table reports pooled OLS estimates and Column 2 of each table reports xed eect estimates. The results are similar across the two specications though.
The results are comparable with the ndings in the literature. Basically, as shown in the rst panel of table 2, for the whole sample period, an estimate of about 32 percent of business cycle frequency risks has been shared. However, this constitutes risk sharing through both insurance and intertemporal smoothing. In the case when risk free bond market can act as a close substitute on insurance market, most of the risk sharing should be carried through intertemporal smoothing because insurance contract is more risky and costly due to the moral hazard or contract enforcement issues, especially at the international level. Therefore, out of the 32 percent, it is fair to reasonably think that only a small portion is through insurance market (for theoretical ndings and empirical results on this, please refer toBaxter and Crucini (1995) and Artis and Homann (2006) ).
By comparing the estimates before and after 1990 in the 2nd and 3rd columns of table 2, one conclusion that would have been drawn is that we do not nd increasing in risk sharing in the recent nancial integration period. This is puzzling and counterintuitive to the standard model's prediction. Our explanations, in keeping with the argument of this paper, are on two-fold. One is that the low and no increase in risksharing through insurance market on business cycle frequency risks is due to the low welfare gains. Another is that the misspecication and restrictive assumptions in the short-run dynamics hinder the capability to achieve an estimate of true β. Some of the country-idoisyncratic features cannot be shared through nancial market and we should take them into consideration by using xed eect.
Comparing the estimates before and after 1990 in the 2nd and 3rd columns of table 3, there is still no much increase in risk sharing. However, an issue is how much we can trust the estimates in table 3 in general. We know that OLS can achieve consistent estimate on the cointegrating coecient, but there is a second-order bias associated with it. The second order-bias does not appear even asymptotically. In nite sample, we suspect that the second-order bias may turn out to be rst-order bias, which seriously inuence the reliability of these estimates.
Nonstationary Panel Regression Results
We report the long-run risk sharing estimates on the 45 country sample and its sub- We also performed estimates by splitting our sample into two periods. In the recent nancial integration period, long-run risk sharing among the 45 countries more than doubled that in the pre-1990 period, reaching to 27 percent from 12 percent.
The estimate and test results on sub-country groups conrm our main message and oer more insights. The risk sharing of OECD countries are at a similar level as the risk sharing of emerging market on the whole sample period. However, in the nancial integration period, about 34 percent of risks are shared for OECD countries, while only about 23 percent of risks are shared for emerging market countries. More importantly, the benet of risk sharing are evenly enjoyed within OECD country groups. This is not the case for emerging markets. It seems that most of the benet of nancial integration are enjoyed by the advanced emerging markets. (interesting to FDI insurance (not as much as expected to be paid back as debt, debt vulnerability)
It looks a bit puzzling that the risk sharing of EU countries is only about 10 percent for the whole sample period, and only about 6 percent for the pre-1990 period.
We therefore have done a intra-region risk sharing analysis. The results appear in the memorandum panel of Basically, we nd that the risk sharing estimate on the panel of 21 countries is 14 percent for the whole sample period and increases to 39 percent in the nancial integration period. The increase is entirely due to more risk sharing in the OECD countries though.
6 Cross-country risk sharing patterns
The group mean FMOLS does not restrict the slope coecient to be homogeneous, and we therefore can look into the heterogenous cross-country patterns of risk sharing, by looking into the estimates of cointegrating coecients on individual countries. We know that the estimates are not reliable individually, i.e. each of them is a poor estimate of the true cointegrating relationship due to the high size distortion of our short sample, but each of them are asymptotically consistent estimate, and so the pooling of the individual estimates should show some consistent pattern. We report in the Appendix Table A3a and A3b on the estimates of cointegrating coecients of individual countries.
The dierence between Table A3a and Table A3b is attribute to the dierent strategy we used on data sampling.
The measures on nancial integration is from the updated and extended version of dataset constructed by Lane and Milesi-Ferretti (2007) . It contains data for the period 1970-2007 and for 178 economies plus the euro area as an aggregate. For each of the countries, it reports total external assets and liabilities and the associated breakdowns.
We constructed our measure of nancial integration by rst split the data into pre and after 1990 period. We then calculate the average of total assets and liabilities, 
Conclusion
In this paper, we specify an empirical nonstationary panel regression model that tests long-run risk sharing and allows for richer data generating processes. This is in contrast to the literature on consumption risk sharing which is mainly about risks at business cycle frequency. Since our methodology focuses on identifying cointegrating relationships while allowing for arbitrary short-run dynamics, we can obtain a consistent estimate of long-run risk sharing while disregarding any short-run nuisance factors. Furthermore, the combination of a focus on the long-run low frequency relationship and the dimensionality of the panel allows us to study the distribution pattern of cross-country risk sharing. We therefore can link the distribution pattern to various measures of nancial integration.
Our results show that, for the period of 1950-2008, about 14 percent of long-run risk has been shared in the OECD countries and in the emerging market countries.
However, during the nancial integration episode of the past two decades, long-run risk sharing in OECD countries increased more than that in emerging market countries, with about 34 percent of risks shared in the OECD countries and about 23 percent of risks shared in the emerging market countries. These results are robust to us sample selection.
When investigating the relationship between various measures of nancial integration and cross-country risk sharing, we nd evidence of positive relationships, i.e. more capital ows is associated with more long-run risk sharing. However, the positive relationship is less in the recent nancial integration period, indicating that the increase of risk sharing is not proportional to the increase in capital ows.
The approach used in this paper provided the opportunities to study long-run risk sharing, but the risk sharing at the business cycle frequency is an important and interesting question to be fully addressed. As a future research, we can use nonstationary vector autoregressive models to address this question. Long-run risk sharing identied in this paper could be used to decompose GDP and consumption processes into trends and cycles. We can then estimate the impulse-response to cyclical disturbances to analyze short-run risk sharing. Robust standard errors in parentheses * significant at 10%; ** significant at 5%; *** significant at 1% Robust standard errors in parentheses * significant at 10%; ** significant at 5%; *** significant at 1% 32 8 Appendix Appendix I: Studies using Conventional Panel Analysis Kose et al. 2007 ∆c it − ∆c *
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The literature consequently assumes that the permanent income and the world aggregate (or average) income are martingale and derive the testable equation c t − c * t = β( y t − y * t ) + ε t , where β = αλ, and ε t is a martingale dierence so that E t−1 (ε t |ζ t−1 ) = 0, where ζ t−1 is the information set formed by the past values available at time t − 1. ε t is typically assumed to be i.i.d.(0, σ 2 ) white noise, although, strictly speaking, martingale dierence process and white noise process are not the same (see Rachev et. al (2006) ). However, to make such dierence is not essential and would not change the point that we make, since ε t can be relaxed to allow for heteroskydascity and even arbitrary serial correlations. The equation above is the single country counterpart of the equation (1). By imposing common β across countries and including a constant xed eect term, we get equation (1):
2 ) across i.
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In the literature, equation (1) is consequently estimated by using panel pooled OLS or xed eect techniques. If the maintained assumptions of exogenous regressors (in the case of pooled OLS) or strictly exogenous regressors (in the case of FE) and the rank condition both hold, consistent estimate of β can be achieved when N → ∞ and T is xed. 24 Certain assumptions can be relaxed in equation (1), for example, to allow for endogeneity of (∆y it − ∆y * t ), and consistent estimator can still be achieved by using IV or GMM approaches. However, even after relaxing, we still turned to believe a more DGP since there are two restrictions in conventional panel cannot be relaxed by construction.
First, in equation (1), the asymptotic properties depend on N → ∞ and xed T, therefore, the series correlation across i required to be the same. A homogeneous series correlation assumption is reasonable in micro panel. However, at country level, we believe non-trivial heterogeneous serial correlations (taste shocks, market frictions, etc.). Or more generally, it is just not possible that the dynamics of US and Zimbabwe are the same in terms of level, length and even directions. Second, β is assumed to be homogeneous in equation (1). For the reason discussed in the main text, we turned to believe a heterogeneous coecient. If the true DGP is heterogeneous in nature but forced to be homogeneous in regression models, then the estimated β will not capture the average risk sharing eect. Actually, all the arguments of Peseran and Smith (1995) will apply and β → 1 no matter what the true value is.
In a broader sense, permanent income follows a martingale process only when the 23 Deriving equation (1) is helpful to understand the setting of nonstationary panel below. However, we can come up with equation (1) from the orthogonality condition of the benchmark model: E(∆c it − ∆c * t |X it ) = 0 where X it is a vector of idiocyncratic risk factors of country i. This orthogonality condition implies a testable condition β = 0. However, it is well-known that the real world nancial market is incomplete. This led researchers to adopt a pragmatic approach to interpret the estimated β from regression model as a measure of the degree of risk sharing.
24 Equation (1) cannot be consistently estimated by POLS/FE since the assumption E((ε it ( y it − y * t )) = 0 can not hold. Specically, ε it is dierenced martigale and therefore it is correlated with (∆y it − ∆y * t ) by construction. IV can deal with the inconsistency caused through this channel, but we all know that it is hard, if not impossible, to nd valid IV in the macroeconomic context. Besides, the IV is not testable. Deriving equation (2) and nonstationary panel Given the above has been said, we turn to nonstationary panel analysis. We know that Appendix III: Group mean FMOLS estimator: its model specications, estimation recipes, theorems of consistency and limiting distribution
To simplify the notations used in this appendix, we use y 1it to denote c it − c * t , y 2it to denote y it − y * t , and equation (2) can be rewrite into
where, as dened in the main text, β i is the slope parameter that we are interested in, {ε it } are the I(0) weakly dependent disturbance terms, and y 2it is I(1). Noticing that y 2it is I(1) and ε it is I(0), y 1it is I(1) by construction.
Equation (5) is our regression model. We assume that the true model can be expressed into the following equation system or (even more general case which we will discuss 26 ) using Phillips triangular representation
where µ it = (ε it , υ it ) is the I(0) stationary weakly dependent disturbance terms.
Since the cointegration testing and cointegrating coecients estimation and hypothesis test in the time series context has been well established, we review some of the Propositions in the time series context rst. The time series counter-part of equation (6) and (7) is as following:
We assume that the equation (8) and (9) Proposition 19.2: Let y 1t be a scalar and y 2t be a (g × 1) vector. Let n = g + 1, and suppose that the (n × 1) vector (y 1t , y 2t ) is characterized by exactly one cointegrating relation (h = 1) that has a nonzero coecient on y 1t . Let that triangular representation for the system be
Suppose that
where ε t is an (n × 1) i.i.d. vector with mean zero, nite fourth moments, and positive variance-covariance matrix E(ε t ε t ) = P P . Suppose further that the sequence of (n ×n) matrices {s · Ψ * 
where W (r) is n-dimensional standard Brownian motion, the integral sign denote integration over r from 0 to 1, and y 2t is mean zero in Proposition 19.2, the superconsistency property survives even in the case E( y 2t ) = δ 2 = 0. Hansen (1992) has given the generalized result through rotating of variables. This generalization is also applied to the case of FMOLS that we will discuss below. However, the second-order bias, which does not go away asymptotically, may hinder our ability to infer our testing result in nite sample, so the task remains is how to correct the second order bias created by the serial correlation and endogeneity caused by feedback eect between y 2t and z * t , which we are now turning into.
Given there are dierent representations on the equation (8) and (9), it is not surprising on lack of consensus on the best empirical estimating approach. Phillips and Loretan (1991) has shown the many dierent representations and the transformations and interchanges among them in the time series context. The asymptotic theory of their paper concluded that the full systems maximum likelihood method (FSML) in the situation where the unit roots are imposed is the optimal approach. In the meanwhile, they have also shown that the FMOLS developed by Phillips and Hansen (1990) is optimal as well since FMOLS estimator are asymptotically the same as FSML estimator.
Given the limitation of spaces and also for the reason that we will give the recipe for panel FMOLS estimator, please refer to Chapter 19.3 (Hamilton 1994) for the exact formula on the asymptotic distribution of the FMOLS estimator and associated test statistics. But we can intuitively know that, after the corrections, the FMOLS estimator becomes well behaved and we can use the standard asymptotic t and F statistics for inference.
Empirically, in the time series context, the inference based on FMOLS estimator suers from the low power and high size distortion in nite sample. Pedroni (2000) basically extended Phillips and Hansen (1990) In the context of double indexed process where both N and T → ∞, three approaches (sequential limit, diagonal limit and joint limit) are possible, depending on the passage to innity of the two indexes. Phillips and Moon (2000) has given a generalization on when the sequential limit is equivalent to joint limit. Specically, they rst derived the sequential limit of a double index sequence and then veried the joint limit theory applies when T, N → ∞ and T /N → ∞. For the macroeconomic series, in most of the cases, we can think them as T is potentially growing while N is relatively constant, so they t into the scenario where T, N → ∞ and T /N → ∞. For this reason, the sequential limit theory is used to develop the asymptotics for the panel group mean FMOLS estimators. This is also consistent with the claim in Baltagi and Kao 2000 that cross section can act as repeated draws from the same distribution. Therefore, we can think the group mean FMOLS estimator below as T → ∞ being in a sense the true asymptotic feature.
Let's rstly look at the recipes on how to compute the group mean FMOLS estimator and hypothesis test statistics. We will then see why the short term dynamics in a cointegrating system can be allowed to be heterogeneous across countries and the regressors can be allowed for complete endogeneity. This is basically in keep with the discussion of Phillips (1991) on why optimal estimation on cointegrating coecients can be achieved without a nely detailed specication on the short-run dynamics and how the endogeneity bias of the OLS estimation of the time series counterpart of equation 5 can be adjusted. These arguments can be directly applied into panel context.
27
Step 1: Estimate by OLS the time series cointegration regression for each country and collect estimated residuals ε it .
Step 2: For each country i, using estimated residuals from step 1, form the time series vectors ξ it = ( ε it , ∆y 2it ) . We can then use these vectors to compute the country specic long-run covariance matrix Ω i = ∞ j=−∞ Ψ ij , where Ψ ij is the jth autocovariance for ξ i . The matrix Ω i can be thought of as Ω i = Σ i + Γ i + Γ i , where Σ i is contemporaneous covariance matrix; Γ i and Γ i are the forward and backward spectrum respectively. We can use the Newey-West estimator to estimate Ω i nonparametrically and get
The bandwidth K i is typically chosen as a fraction of the sample, such as K i = 4(T i /100) 2/9 (Newey and West (1994).
Step 3: For each country i, compute the adjustment terms γ i = Γ 21i + Σ 21i − Ω 21i / Ω 22i ( Γ 22i + Σ 22i ) to correct for country specic serial correlation dynamics; compute y * 1it = (y 1it − y 1i ) − Ω 21i / Ω 22i y 2it to correct for country specic endogeneity where the dierence in y 2it are used as "internal instruments". The terms in γ i and y * 1it are indirectly from the estimates of the long-run covariance matrix Ω i . To see this, in partition form:
where Ω 11i =σ 2 is scalar long-run variance of ε it ; Ω 12i = Ω 21i is the scalar long-run covariance between ε it and y 2it ; 28 Ω 22i is the scalar long-run covariance among y 2it .
27 The illustration below on computing step is based on a seminar at the IMF by Peter Pedroni. 28 In the general case when y 2it is not a scalar, but a M × 1 vector, then Ω 12i = Ω 21i is M × 1 vector
Step 4: Compute the country specic FMOLS estimator using the adjustment terms from
Step 3:
and the associated t-statistic is:
where β oi is the value of the coecient being tested under the null hypothesis.
Step 5: Compute the group mean FMOLS estimator as
is the group mean.
Step 6 
→ ±∞
So this is a two sided test and large absolute values imply rejection of null.
The
Step 1 and Step 6 above provide the recipes on calculating the group mean FMOLS estimator and test statistics on it. I am now explaining the theorems of consistency and limiting distribution of the panel group mean FMOLS estimator. Please note that the following relies heavily on Phillips and Moon (1997) and Pedroni (2000) , and I include the material here only to make my paper self-contained. In this appendix, we only work on FMOLS since the DOLS is just the parametric counterpart of the FMOLS and therefore the same principle applies. Please refer to Pedroni 2001 for the group mean DOLS estimator.
of long-run covariance between ε it and y 2it ,The analysis remain essentially the same. Pedroni (2000) has illustrated that well-behaved estimators in the context of FMOLS can be achieved under two assumptions.
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The rst assumption is that the multivariate functional central limit theorem that we mentioned above holds for every i of the panel as T grows large. If we dene the error terms in equation (6) and (7) as ξ it = (ε it v it ) , then the theorem can be dened as following Assumption 1.1 in Pedroni (2000) : The process of ξ it satises a multivariate functional central limit theorem such that the convergence as T → ∞ fro the partial sum
t=1 ξ it → B i (r, Ω i ) holds for any given member, i, of the panel, where B i (r, Ω i ) is Brownian motion dened over the real interval r ∈ (0, 1], with asymptotic covariance
This is the key assumption which allows the asymptotic analysis dier from the conventional panel since now the asymptotics relies on T → ∞, as well as N → ∞, instead of x T and only allowing N → ∞. As stated in Pedroni (2000) that I quote, this [assumption] places very little restriction on the temporal dependency and heterogeneity of the error process and encompasses for example a broad class of stationary ARMA processes. It also allows the serial correlation structure to be dierent for individual members of the panel and the long-run variance and covariance matrix capture the endogenous feedback eect, which is also permitted to vary across individual members of the panel.
We have discussed, under the multivariate functional limit theorem, the asymptotics of the OLS estimator and the FMOLS estimator in the time series context. From the recipe Step 5, we can see that the group mean FMOLS estimator is just a cross-section average of the individual i's FMOLS estimator. So, the next assumption we need is Assumption 1.2 in Pedroni (2000) : (cross sectional independence): The individual processes are assumed to be independent cross sectionally, so that E(ξ it , ξ jt ) = 0 for all i = j. More generally, the asymptotic covariance matrix for a panel of dimension N × T is block diagonal with the ith diagonal block given by the asymptotic covariance for member i.
Cross sectional independence is used to derive the asymptotic distribution of the slope coecient estimators when pooling dierent cross-sections. This assumption is easy to make theoretically, but it is hard to meet in practice. There are some recent development on how to taking care of dierent types of cross-sectional dependencies.
See Mark and Sul (1999) on dealing with contemporaneous dependencies in the case of pooled DOLS; Pedroni 1997 on transitory dynamic dependencies; Bai and Ng (2004) , Moon and Perron (2004) and Pesaran (2007) on common factor dependencies; and Pedroni, Vogelsang, Wagner and Westerlund (2007) on general form of dependencies.
As shown in the text of the paper, we are assuming simple form of cross-sectional dependency which can be taken cared of through taking out the terms c * t and y * t and all the properties of group mean FMOLS and DOLS estimators apply after that 30 .
29 Please note that the following analysis rely heavely on Pedroni (2000) and I include the material here only to make my paper self-contained.
Under these two assumptions, Pedroni (2000) Im, Peseran and Smith unit root tests, the group mean FMOLS estimator pools the cross-sectional by allowing the cointegrating coecient is heterogeneous drawn from a distribution β i f (β, σ 2 ) under the alternative hypothesis, while the pooled FMOLS pools the cross-sectional by β i = β a , a homogeneous parameter for each individual i. We know from Phillips and Moon (2000) that is the true β is heterogeneous but forced to be homogeneous in our regression model, the pooled FMOLS does not give a cointegrating relationship which is economically meaningful, but instead, measures a long-run statistical correlationship. Furthermore, Pedroni has shown, through Monte Carlo simulation, the group mean FMOLS estimator behaves well even in relatively small samples which is not the case of pooled FMOLS estimator. Therefore, the group mean FMOLS is recommended in empirical analysis.
Moreover, the panel FMOLS estimators preserves the superconsistency properties of the time series FMOLS estimators developed by Phillips and Hansen (1990) . Since it is superconsistent and converge at rate T √ N , we can get extremely precise estimate even for relatively small sample.
In addition, along with the process of illustrating the asymptotic properties of panel FMOLS estimator, both pooled and group mean versions, other advantages of nonstationary panel we claimed in the paper become clear. In equation (1), we need to nd external instruments to consistently estimate slope coecient if y it is endogenous; This is not only true if y it is economically endogenous, but also true for the case that the endogeneity is created by econometric transformation of the data (For example, the dierence GMM approach of Arelleno and Bond (1995) on correcting the endogeneity created by rst dierencing of data). However, this is not the case of nonstationary panel. Since in a cointegrating system, the endogenous bias becomes to be second order which can be corrected using internal instruments. For similar reasons, just as the case of time-series analysis, the estimates on slope coecient are robust to simultaneity and many forms of omitted variables. data limitation. All the techniques in the papers dealing with other form cross-sectional dependencies requires the T dimension is signcantly larger than N dimension in order to avoid large size distortion in nite sample. But on the other hand, taking account of other form of cross-sectional dependencies does not considerably change the results in many empirical research (Pedroni (1997) and Pedroni (2007) ).
The simulation results in Banerjee, Marcellino and Osbat (2004) show that method of extracting of common time trends works well in practice.
